Control of complex processes is a major goal of network analyses. Unfortunately, deriving models accurate enough to be used for control is extremely difficult, especially for large networks of nonlinearly coupled nodes. However, system responses to perturbations are often easily measured. We show that the collection of such responses -a response surface-can be used for control. Analysis of model systems shows that response surfaces are smooth and can be approximated using data on a small set of perturbations. The methodology, here validated on nonlinear electrical circuits, can prove useful in many contexts including in reprogramming cellular states and in the design of therapies for genetic diseases.
Natural networks are typically organized around a set of high-degree "hub" nodes and contain multiple layers of regulation [4, 10] . In genetic networks, transcription factors, which control the production -and hence the levelsof many genes by binding to specific DNA sequences [14] , often play the role of hubs [15] . MicroRNAs [16] , each of which down-regulates the levels of a large collection of genes and transcription factors within a cell and collectively form a higher regulatory layer, can also be considered as hubs. Thus, although genetic diseases alter the concentrations of many genes [17] , it is possible that these changes originate from a few mutations in key hub nodes and transmitted through the network. The goals of our methodology are to find if indeed this is the case, to identify those regulatory nodes (which we refer to as "master" nodes in contrast to the remaining "slave" nodes), and to compute how their levels need to be altered in order to "cure" a disease. Recent developments on reprogramming cellular states using a few transcription factors [18, 19] lend credence to this approach. As demonstrated below, our approach is not limited to genetic networks.
Our input consists of network responses to a set of external perturbations of the master nodes. Such perturbations can be applied on most systems including gene networks [20] , where the system response can be measured using microarrays or deep sequencing [21] . The novel aspect of our approach is its reliance only on the (state space) surface containing these responses; it does not require or suppose additional information about the network. An important observation from studies of model networks is that these response surfaces are smooth [11] [12] [13] , and hence can be closely approximated using a few responses; at the coarsest level only responses to perturbations on individual master nodes ("single knockout mutants") are needed [11] . The goal of the work reported arXiv:1310.2623v1 [q-bio.MN] 9 Oct 2013 here is to validate the methodology using a class of nonlinear electrical circuits.
Methods: Nonlinear elements of our circuits are junction field-effect transistors (JFETs) [22] , semiconductor devices containing a source (S), a drain (D) and a gate (G). Conduction between S and D is modulated by the gate voltage and the current I depends on the potential differences V DS between D and S and V GS between G and S. We have shorted G and S (i.e., V GS = 0) reducing the number of terminals in each JFET to two. Consequently, the polarity independence of S and D conduction is broken. For example, an n-channel device exhibits p − n junction diode conduction for V DS < 0 and typical JFET current-voltage characteristics for V DS > 0; the latter is illustrated in Figure 1(c) . The results reported here are from the circuit shown in Figure 1 (a), which is equivalent to the network of Figure 1(b) . It has two regulatory levels. Each node of the circuit is a point of equipotential. Interactions between nodes are determined by resistors/JFETs connecting them. Nodes 1, 2, 3, and 4 are the master nodes used to control the entire network. (The potential of a node is the analog of the concentration of a gene, and the current from one node to another corresponds to the action of the first gene on the second.)
The circuit was driven at 10 V by a Topward 6302D (TekNet Electronics, Alpharetta, GA.) power supply. The 16 node voltages were measured with two 8-channel AD cards (MiniLab-1008, Measurement Computing Corp.) and in a few cases cross checked using hand-held voltmeters. Potentials of the master nodes were set externally using either the AD cards or by connecting to power supplies. Since the master nodes themselves are coupled, controlling them at or close to the required potentials is a non-trivial task. Control was particularly difficult when the power supplies were sourcing small voltages, since they have to accept current from the network rather than supply current to it. Another difficulty is the interference between power supplies due to their small but non-zero internal impedance. These difficulties were resolved by placing a small resistor (typically 5Ω) in parallel with the power supply controlling each master node. It allowed the supply to source current, most of which passed through the resistor, and to simultaneously apply the desired voltage on the node. However, precise control of multiple master node potentials was limited. The situation parallels genetic networks for which biologists have limited, coarse control when several coupled genes need to be externally manipulated.
The state of the network (i.e., the set of node potentials) varies smoothly as master node potentials are altered. In Figure 2 , this is illustrated through a cross section X 7 (X 1 , X 3 ), where X n is the n th node potential. Due to its smoothness, a response surface can be locally approximated by a plane computed as follows: denote the state of the unperturbed circuit by X (0) ∈ R 16 , and the responses to grounding each of the master nodes (single knockout mutants) by X (n) ∈ R 16 , for n = 1, 2, 3, 4. The 4-dimensional plane in R 16 passing through these points is
in the parametrization λ = {λ 1 , λ 2 , λ 3 , λ 4 }. It is also necessary to model the interactions between master nodes. Denoting the projections of X (0) and X (n) (n = 1, 2, 3, 4) to the space of master variables by x (0) and x (n) , a linear approximation to these interactions can be expressed in terms of a 4 × 4 matrix M which satisfies M · x (n) − x (0) = 0 for each n. M can be computed from the data x (0) and x (n) [11] .
Once X(λ) and M are known, we can compute how the master nodes need to be altered in order to reach as close as possible to a pre-specified state Z ∈ R 16 . Note that changes in the master nodes only move the system along the response surface, which is approximated by X(λ). Our strategy is to look for X(λ) that minimizes the weighted-square-distance
The weights w m account for cases where the proximity of certain nodes to Z are more critical. The minimum U (Z; w) 
for n = 1, 2, 3, 4. With identical weights, X(λ) is the projection of Z to X(λ). If our assertion, that the response surface and the approximating plane are close, is valid then imposing potentials {X 1 (λ), X 2 (λ), X 3 (λ), X 4 (λ)} on the master nodes will move the system close to Z.
Results: Master node potentials for the unperturbed circuit and the four perturbations are given in Table I . X (0) and X (n) , n = 1, 2, 3, 4 (denoted by P 0 and P n in Figure 2 ) are used to construct the planar approximation to the response surface within the 4-simplex defined by the five points. We test the proximity between the response surface and the approximating plane on the three faces P 0 P 1 P 2 , P 0 P 1 P 3 , and P 0 P 2 P 3 of the simplex. The difference is 21.6 ± 17.3 mV in R 14 (two master nodes being pre-specified in each case).
It is time and resource intensive to extract the entire response surface in examples like gene networks (where each point requires the sequencing of a genetically perturbed organism). For such cases, an error estimate can be obtained using a limited set of perturbations. For example, consider perturbations where two master nodes are externally set to half their values in the unperturbed network. (The analogous heterozygous double mutants can be formed by mutating the two genes from one of two copies of its genome [23] .) With four master nodes, there are six such mutants. The prediction error in R 14 is 38.4 ± 78.2 mV. One can also consider homozygous double knockouts, where node potentials of two master nodes are zero. Their error is 18.5 ± 22.4 mV. The mean errors for triple and quadruple knockout mutants are 28.2 mV and 35.7 mV. Figure 2 (a) shows a three dimensional cross section of the response surface and the planar approximation. Their proximity within the region enclosed by the simplex provides means to compute how the network can be moved near a pre-specified state Z. However, if Z is far from the response surface the set of master nodes need to be expanded. (For example, if we are required to multiply V 16 by 5 with no other changes, it is best to include node 16 in the master set.) We have validated these assertions, and moved the circuit close to several pre-specified states [11] .
In gene networks, constraints on some nodes may be more important than those on others, an issue that can be resolved with appropriately defined weights, see Eq. (2).
As an example, suppose we wish to move the network as close as possible to Z 6 = 3.0, Z 8 = 0.9, Z 10 = 0.6, Z 12 = 2.3, Z 14 = 1.5 and Z 16 = 0.8, the last three conditions being half as important. The relevant weights are w 6 = w 8 = w 10 = 1; w 12 = w 14 = w 16 = 0.5 (the remaining w's = 0). Solving Eq. (2) gives X 1 = 0.89, X 2 = 0.96, X 3 = 0.71, and X 4 = 1.44. When these potentials are externally imposed on the master nodes, the electrical circuit reaches a state with X 6 = 2.98, X 8 = 0.87, X 10 = 0.56, X 12 = 2.25, X 14 = 1.49 and X 16 = 0.68; U (Z; w) is 1.2 × 10 −2 . If, on the other hand we attempt to move the network to Z , which is identical to Z except for Z 16 = 1.2, we find that the closest point on X(λ) has X 1 = 2.31, X 2 = 0.67, X 3 = 0.58, and X 4 = 1.51. Imposing these node potentials on the circuit yields a state where X 6 = 3.06, X 8 = 1.23, X 10 = 0.78, X 12 = 2.31, X 14 = 1.73 and X 16 = 0.75; now U (Z ; w) is 0.27. Closer approaches to Z cannot be made without expanding the set of master nodes.
The choice of additional master node(s) is made as follows: we compute U (Z ; w) when each of w 6 , w 8 , w 10 , w 12 , w 14 and w 16 is individually set to zero. Small values for the corresponding U (Z ; w) imply that the remaining nodes can be made to reach the point Z by altering the four master nodes, and hence that the selected node(s) need to be added to the master set. We find U = 0.07 when w 6 is set to zero, U = 3.76 × 10 when w 16 = 0. Thus, one or more of nodes 8, 14, or 16 should be considered for inclusion in the master set. Using nodes 8 or 14 for the extension is difficult experimentally because one or more of the master node potentials need to be altered significantly from X (0) . Using node 16 does not lead to this problem. The point on the (now 5-dimensional) response surface that minimizes U is X 1 = 1.79, X 2 = 0.76, X 3 = 0.35, X 4 = 1.33, and X 16 = 1.20. When these node voltages are imposed, the circuit reaches an equilibrium with X 6 = 2.91, X 8 = 0.95, X 10 = 0.56, X 12 = 2.19, and X 14 = 1.42; U (Z ; w) is 2.1 × 10 −2 . Thus we have successfully moved the circuit close to Z by controlling nodes 1, 2, 3, 4, and 16.
Data on heterozygous double knockouts can be used to refine the triangulation; the response surface is approximated using multiple simplexes. Figure 2(b) illustrates the idea. Computations to move the system to a prespecified point can be made by comparing distances to the sub-simplexes. Alternatively, the data may be used to construct polynomial approximations to the response surface.
Discussion: Precise controllability is a major goal of network analyses [9] . A network can be controlled if an accurate model were available; unfortunately, this is rare in complex systems. In this Letter we have demonstrated the applicability an alternative approach for control that only relies on the network responses to perturbations; the latter are relatively easily measured.
We first select a preliminary group of master nodes and measure the system responses to their single knockouts. The data provides a coarse approximation to the response surface. More refined approximations (e.g., finer triangulations or nonlinear fitting) can be derived with additional "mutants." The strategy is to compute the point on the approximation that minimizes the weightedsquared-distance from the point we wish to move the system. If the distance is large, the set of master nodes need to be extended; very importantly, the data can be used to infer the nodes to be included in the extension. These approximations to the response surfaces are all that are needed for control; we neither require the full set of slave nodes nor the complete connectivity of the network.
We validated the methodology on several nonlinear electrical circuits and, in each case, verified that the response surfaces were smooth and well approximated by X(λ). The methodology can prove invaluable in a range of problems, including in genetic conversions of cellular states or in the design of effective and minimally damaging therapies for genetic diseases. We illustrate these speculations with two examples.
It was demonstrated recently that fibroblasts (a class of connective tissue) can be reprogrammed to cardiomyocites (beating heart cells) in culture using an assortment of three transcription factors Gata4, Mef2c, and Tbx5 [19, 24] . The genes were selected by studying the effect of adding combinations of transcription factors associated with cardiac cell-fate [19, 25] . Unfortunately, reprogramming efficiency and conversion to the mature cardiac phenotype remain low [24, 26, 27] and it is not clear if cardiac-like phenotype was maintained when the reprogrammed cells were transplanted into mouse hearts [24] . In order for these exciting findings to be used for heart repair, it is necessary to enhance the reprogramming efficiency and guarantee the robustness of the conversion. Identifying the best levels at which the transcription factors are introduced into cells may be one critical component [24] . Our approach can yield these ratios.
Our methodology was designed to compute how damaging consequences of a genetic disease can be reduced. Sequencing [21] can provide concentrations of genes in subjects with a disease and of normals [17] , thus providing the initial and desired states of the network. It also yields the list of genes that are differentially expressed between the two states. The goal then is to find out how to alter the levels of these genes by perturbing a small set of master nodes, a task our approach is capable of.
Our algorithm may need to be extended in the presence of bistability; i.e., when a response surface is folded. Bistability in a slave node is of no concern since our control is implemented only on the master nodes. It may be relevant if the surface representing the state of a master node is folded as a function of the levels of other master nodes. One solution is to replace the bistable master node by a different transcription factor. Alternatively, one can use additional mutants to estimate the two branches of the folded surface. Boolean approximations to the network can aid is this search [28] .
The authors would like to thank Drs. Preethi Gunaratne, Gregg Roman, Lars Seemann, Andréi Török, and Yuyi Xue for discussions and collaborations.
